Owing to low productivity of vertical wells in shale gas formations, operators have started to drill horizontal wells in these ultra-tight gas formations. Wells that are drilled in shale formations have undergone massive hydraulic fracturing treatments to improve the productivity. Since the introduction of horizontal drilling in shale formations, wells have been hydraulically fractured at several stages. Each stage is located a few hundred feet away from the other stages. Multi-Stage fracturing of horizontal drilling in shale gas wells increases the production significantly.
Introduction
Shale gas resources are abundant in the U.S. and across the world. Between early 1800s and 2000, more than 20,000 wells have been drilled in the shale formations of United States (Hill and Nelson, 2000) . U.S. shale gas production has increased sevenfold between 1979 and 1999 (Curtis, 2002) . By 2007, 225 to 248 TCF of gas was estimated to be stored in Devonian and Ohio shale reservoirs of the Appalachian basin in Eastern United States (Matthews et al., 2007) . According to U.S. Energy Information Administration (EIA), 6622 TCF of gas is estimated to be technically recoverable from world's shale gas resources while U.S. accounts for approximately 29% of that amount (Newell, 2011) . By January 2009, Marcellus shale in Eastern United States was estimated to contain 410 TCF of gas (Independent Statistics and Analysis, 2011 ). Marcellus's gas in place is now evaluated to be between 295 and 2700 TCF (Lee et al., 2011) .
Economic production from these ultra-tight formations became possible in the past few decades by advancements in technologies such as horizontal drilling and hydraulic fracturing. By 2000, approximately 4 TCF of gas was produced from the U.S. shale gas reservoirs, proved reserves were 4 TCF, technologically recoverable gas was estimated to be between 31 and 76 TCF, and undiscovered gas accounted for another 131.3 TCF (Hill and Nelson, 2000) . By 2006, the shale gas proved reserves increased to 92 TCF, from which 58 TCF of gas had been produced, technologically recoverable gas was 185 TCF, undiscovered gas estimates jumped to 350 TCF, and Gas Technology Institute (GTI) estimated that 5000 TCF of gas is stored in all the U.S. tight basins (Holditch, 2006) .
Since fluid movement in shale gas reservoirs does not happen through conventional mechanisms such as primary depletion or pore compaction, they have been listed among unconventional resources. Shale gas reservoirs are naturally fractured but in order to achieve economic rates, wells should intersect an extensive network of fractures. To improve the productivity, shale gas wells are massively hydro-fractured. Induced hydraulic fractures intersect the natural fractures and increase the connectivity of the well with the high permeability conduits. Only 5% of all the wells drilled in Devonian shale in 1987 reached economic flow rates after completion. 95% of the wells required some stimulation job, from which 90% showed economic rates (Varonsdale, 1987) . In 1984, approximately 15% of the wells in Devonian shale were responsible for nearly half of the production (McBane and Thompson, 1984) .
Horizontal wells are fractured at multiple stages to improve the production. In this study, we propose an efficient algorithm for history matching of horizontal shale gas wells. The algorithm is based on dual porosity modeling and Ensemble Kalman Filter. Matrix and fracture properties are continuously updated using real field observations that are obtained from wells in Marcellus formation.
Modeling of Fluid Flow
Three different mechanisms control the gas flow in shale formations ( Fig. 1 ) (Al-Jubori et al., 2009; King, 1993; Varonsdale, 1987; Zammerilli, 1989) :
• High velocity movement of free gas stored in the fractures towards the well due to high conductivity of the fractures and high mobility of the gas (Fig. 1a ).
• Diffusion of gas molecules through the ultra-tight matrix towards the fractures due to pressure depletion and decline of gas concentration in the fractures and the surrounding rocks (Fig. 1b ).
• Desorption of gas from rock's organic content due to changes of gas concentration in the matrix and pressure depletion (Fig. 1c) .
Early high production rate of shale gas wells and its rapid decline to low and sustained value is because of the high velocity of the gas in the fractures and their small storage capacity. Flow of water and gas can be described by nonlinear partial differential equations (PDE). The nonlinearity of the equations is caused by many factors such as large gas compressibility, large formation compaction due to existence of fractures, desorption, and diffusion. These nonlinear equations are solved by numerical simulation. Several methodologies have been proposed for analytical and numerical modeling of fractured rocks. These methods can be categorized to 3 groups (Wu and Qin, 2009): 1. Discrete Fracture Networks: Fractures are discretely placed in the model and PDEs are solved in the matrix and fractures separately. Matrix-fracture transmissibilities control the fluid flow between the matrix and the fractures. Unstructured gridding or local grid refinements are used to map the different properties of the matrix and the fractures (Lee et al., 2001; Larry and Dogru, 2008; Lim et al., 2009; Vestergaard et al., 2007) . Although such models can accurately predict the fluid flow behavior in a fractured reservoir and are in better agreement with fractured reservoir's geometry and physical characteristics, they are not suitable for history matching problems. Conditioning of reservoir models to production data requires adjusting fracture properties such as location, orientation, length, and aperture. Changing the properties affects the entire gridding of the system at the time steps in which models are updated, making the problem computationally expensive. Furthermore, in all history matching techniques, correlation factors between the observations and the reservoir properties are calculated in order to estimate the parameters. Calculation of correlation factors requires models with specific support areas such as circles or rectangles, in which average parameters such as porosity and permeability can be defined. Correlation factors cannot be determined between the measurements and location-unspecific uncertain fracture properties such as orientation or aperture that are based on the assumption that a certain fracture exists. 2. Effective Continuum Methods (ECM): In these models, fractures and matrix are represented by a single effective continuum (Wu and Pruess, 2000; Wu, 2000) . Though computationally efficient for multiphase, non isothermal flow (Wu et al., 1999) , ECM is not capable of capturing the complex fluid flow behavior of a shale gas reservoir. 3. Multi Continuum Methods: Barenblatt et al. (1960) and Warren and Root (1963) introduced these methods as Dual Porosity (DP) models of fractured rocks. Unlike discrete fracture networks, Multi Continuum Methods are based on specific support areas and are built as separate matrix and fracture domains, each with its unique properties. In DP models, fractures are parallel conduits separating the sugar cube matrix blocks from each other. Fig. 2 shows a reservoir and a DP model. Dual Porosity Dual Permeability modeling of fractured reservoirs were developed by allowing fluids move between the matrix blocks (Odeh, 1965; Kazemi et al., 1969; de Swaan O. A., 1976; Uldrich and Ershaghi, 1979; Mavor and Cinco-Ley, 1979; Wu, 2002) . Multiple Interacting Continua (MINC) method was introduced to model the pressure transient effects in the matrix by subdividing it several gridblocks (Pruess and Narasimhan, 1985; Abdassah and Ershaghi, 1986; Uldrich and Ershaghi, 1979) . MINC is sometimes referred to as Multi Porosity Multi Permeability (MPMP) modeling. Multi continuum methods were first solved by analytical techniques and used for well testing purposes and then were modified and solved by numerical simulation (Kazemi et al., 1976; Kazemi and Merrill, 1979; Thomas et al., 1983; Yamamoto et al., 1972; Rossen, 1977) . In this study, we propose using a new compartmentalized modeling scheme for fracture modeling based on DP systems. Desorption of gas from the organic content of the shale is modeled by Langmuir isotherms. These techniques are well suited for computer assisted history matching because of their specific support areas and average representation of reservoir properties. Gas and water flow in a dual porosity dual permeability system is governed by the following equations (Cao et al., 2010) . Gas flow in matrix is governed by,
where t is time, C m g is the concentration of the gas phase in the matrix, P m g is the pressure of the gas phase in the matrix, Z is the gas compressibility factor, k m g is the gas phase matrix permeability, µ g is the gas viscosity, D m g is the gas diffusion coefficient in the matrix, R is the universal gas constant, T is the temperature, M is the molecular weight, q mf g is the gas flow rate between the matrix and the fracture, and q m g is the gas flow rate from the matrix into the wellbore. Water flow in the matrix is governed by,
where φ m is the matrix porosity, s m w is the saturation of water in the matrix, B w is the water formation volume factor, k m w is the water phase matrix permeability, µ w is the water viscosity, P m w is the pressure of the water phase in the
where P f cgw is gas-water capillary pressure in the fracture, and P m cgw is gas-water capillary pressure in the matrix. Water and gas flow rates between the fracture and matrix can be calculated as follows,
where σ D is the matrix-fracture diffusive interconnectivity shape factor, V E is the gas concentration in the fractures due to desorption, σ C is the matrix-fracture convective interconnectivity shape factor, T sc is the temperature at standard conditions, P sc is the pressure at standard conditions, ψ (p) is the gas pseudo pressure and is calculated as ψ(P ) = 2 Al-Hussainy et al., 1966) , and P b is a base pressure. V E can be calculated using Langmuir isotherm model,
where P L is Langmuir isotherm pressure, V L is the Langmuir isotherm volume, and P is the pressure. Eclipse, Schlumberger reservoir simulator, is used to numerically solve the above coupled partial differential equations. Few simplifications are assumed in Eclipse. Gas flow in fractures and matrix is considered convective and diffusion terms are neglected. Fluids cannot move in matrix either as equations are implemented for a dual porosity system in which matrix blocks act as source terms. Gas flow between the matrix and the fractures is assumed to be caused by diffusion and convective term is neglected.
Ensemble Kalman Filter
History matching of a fractured shale gas reservoir is a simultaneous state-parameter estimation problem where matrix and fracture properties are unknown. The system is defined by nonlinear partial differential equations that do not have analytical solution. Measurements are wells' bottom hole pressures and gas and water production rates. Kalman (1960) introduced the first optimal recursive minimum mean square error time-varying digital filter (Kalman Filter) (Haykin, 2001; Mendel, 1995; Jazwinski, 1970) .
UKF is another modified version of Kalman Filter where the nonlinearity of the functions is preserved. It is built on the principle that it is easier to approximate a probability distribution than an arbitrary nonlinear function (Julier et al., 2000; Wan and Merwe, 2000) . In its application, several realizations of the model are generated based on the initial estimate of the covariance matrix of the state variables. The number of the realizations is equal to 2N + 1 where N is the number of the state variables. Evensen (1994) introduced the Ensemble Kalman Filter (EnKF) by using an ensemble of realizations and their motion in the phase space to quantify the uncertainty in quasi-geostrophic models. EnKF is a Bayesian minimum mean square error state and parameter estimation tool. The ensemble is built by randomly generating equally probable realizations of the model using prior information. Model properties are then updated based on the error between the model's forecasts and measurements. In history matching problems, static variables such as porosity and permeability fields and dynamic variables such as pressures and saturations are estimated.
EnKF was used by Naevdal et al. (2002) for continuous updating of the near well reservoir properties where it was applied to a synthetic case with two producers and one injector and a simplified model of a North Sea oilfield. Lorentzen et al. (2005) investigated the sensitivity of the algorithm to the initial ensemble and showed how prior knowledge can be used for better performance. Since EnKF is optimal for gaussian distributions, Chen et al. (2009a) used reparametrization technique to transform non-gaussian random fields to gaussian ones. Gu and Oliver (2005) and Lorentzen et al. (2005) used EnKF for history matching of PUNQ-S3 reservoir model. Chen and Zhang (2006) showed the applicability of EnKF in estimation of hydraulic conductivity by applying it to a 2D and a 3D reservoir model and investigated the sensitivity of the algorithm to the number of the realizations, measurement timings, and initial guesses. Gu and Oliver (2006) studied the performance of EnKF on a one dimensional, two phase water flood problem in which the covariance matrix could not represent the distribution of the variables, and a two dimensional, two phase problem with relatively small number of realizations. Application of EnKF for assisted history matching of geological facies was first studied by Liu and Oliver (2005a,b) . Chang et al. (2010) used level set functions for representation of different facies. Chen et al. (2009b) introduced the ensemble based closed loop optimization for increasing the field's net present value. Liu et al. (2008) applied the EnKF for estimation of hydraulic conductivity, longitudinal dispersivity, and mass transfer rate coefficient between the matrix and the fractures in a naturally fractured reservoir in Micro-Dispersion Experiment (MADE) site in Columbus, MS.
In this study, we use EnKF combined with compartmentalized modeling for history matching of fractured shale gas reservoirs. Gas and water production rates, bottom hole pressures, and tracer concentrations in the produced water of a horizontal well in Marcellus formation is used to automatically adjust the models parameters. Bottom-hole pressures are obtained from tubing head pressures and production rates using Beggs and Brill correlation. Ghods and Zhang (2010) studied the algorithm in a few relatively simple synthetic cases.
In EnKF, each realization is represented by a state vector x i , which is generated from augmentation of static parameters, dynamic variables, and observations,
where x static i are the static parameters, x dynamic i are the dynamic variables, and x observation i are the observations. The ensemble of the state vectors is denoted by ψ,
Model parameters are updated in two steps:
1. Forecasting: Production rates and dynamic variables are forecasted using numerical simulation,
where function f is the simulator, x i (k + 1|k) is the forecasted state of the i th realization at time step k + 1 conditioned on the filtered estimate of the realization's state at time step k. x i (k|k) is the filtered estimate of the realization's state conditioned on all the measurements until the k th time step. 2. Updating: Static and dynamic variables are updated using,
where x i (k + 1|k + 1) is the filtered estimate of the realization's state conditioned on all the measurements until the time step k + 1, K (k + 1) is the Kalman Gain at time step k + 1, and H is an operator matrix that extracts the forecasted measurements from the state vectors and is defined as,
z i , in Eq. 14, are the perturbed observations and is calculated as,
where ε i is small perturbation randomly generated from a gaussian distribution with mean 0 and variance (ρz) 2 , ρ is a number between 0 and 1, and z are the actual measurements. The Kalman gain, used in Eq. 14, is calculated as,
where C D is the measurement noise covariance matrix and P (k + 1|k) represents the predicted ensemble covariance matrix and is calculated using the following equation,
where N e is the number of the realizations andx (k + 1|k) is the ensemble mean at the time step k + 1 using the predicted states.
Rather than direct computation of the covariance matrix, which can be quite large, one can use the following equations,
where L (k + 1|k) is the Tchebychev decomposition of the predicted ensemble covariance matrix.
Compartmentalized Modeling
Horizontal wells are hydraulically fractured at multiple stages at locations several hundreds of feet away from each other. We assume that wells are isolated from other wells interference due to ultra-tight matrix. Furthermore, since fracturing stages are a few hundred feet away from each other, it is also assumed that each stage's fracture network can be modeled as a discrete system that is not connected to other stages' networks. Although the second assumption might be violated in some instances, it does not affect the applicability of our proposed methodology. In addition to these two assumptions, compartmentalized models are built on the assumption that the permeability and porosity of the fracture network around a well decreases as distance to the well increases. In order to model such decrease in porosity and permeability and to generate models with isolated fracturing stages, we place compartments of decreasing porosity and permeability around each well. Figure 3 illustrates the 2D view of the compartmentalized model for a five stage horizontal shale gas well. The well bore can be seen in the middle of figure. The well is connected to all of the fracturing stages. The fracturing stages are isolated from each other by placing inactive gridblocks between them.
Since gas production is supported by the desorption of gas from the shale matrix and its diffusion towards fractures, each of the fracture compartments is connected to a matrix cell in a dual porosity system. Fracture permeability and porosity, matrix permeability and porosity, and matrix-fracture shape factors, and relative permeability end points are the static state variables and are estimated in our proposed methodology. In addition to gas and water production data, the bottom hole pressures and the tracer concentration measurements are used as the history matching objectives. Tracer data helps in determining the allocation of water production to each fracturing stage.
The initial water saturation of the gridblocks adjacent to the well is set to larger values than the other gridblocks. Since the pressure of the fracturing fluid is much higher than the reservoir's pressure and well is only shut in for a short period of time after the injection, high pressure injected water and the formation cannot reach equilibrium conditions. Therefore, under non-equilibrium conditions, the high pressure water and in-situ gas coexist at the same depth despite their density differences. For modeling purposes, we use high initial water saturation for the gridblocks that are close to the well.
Estimation of Production Data
The available production data includes the bottom hole pressures calculated from the tubing head pressures and the production rates, water and gas production rates, and the tracer concentration in the produced water. Bottom hole pressures and production rates are available at every day. The tracer concentration in the produced water is only available at a few data points in the early stages of the production. Bottom hole pressures are used as constraints in the operation of the well. The bottom hole pressure data is smoothed to avoid convergence problems in the numerical simulation. We use 60 realizations to approximate the initial state of the ensemble. No iterations are used in this problem. The initial pressure of the grid blocks in which the well is completed is one of the state variables because of the uncertainty in the value of the formation pressure when the well is put on production. Gas relative permeability end points and water critical saturations are also included as uncertain parameters to allow the models to capture the water blockage behavior that might happen in smaller fractures and uncertainty in the capillary pressure. Compaction in the fractures that can happen as a result of pressure depletion and production, is also accounted for using permeability and porosity multipliers. Since the water production rates are very large in the early time steps and drop to much smaller values in later times, we use the logarithm of water production rates as one of the history matching objectives in order to bring the numbers closer to each other.
The production data is available for 307 days. We apply our proposed methodology on the initial 130 days of the production data. We show that after a small portion of data is assimilated, the incremental improvement in the data match becomes small. The well under the study is fractured at six stages, stage one being the most distant from the well head. Each individual stage's fracturing fluid contains a specific tracer, which its concentration is measured in the produced water at some of the data points. We initialize the models with random initial concentration of tracers and include the initial concentrations as the static parameters that are estimated through the process. The uncertainty associated in the initial conditions requires that during the forecast step of EnKF, all the members of the ensemble be simulated from the start of the production using the updated static parameters. We use 21 grid blocks for each fracturing stage.
Since the bottom hole pressures are used to constrain the models in numerical simulation, the initial and updated ensemble show exact match in the estimation of the bottom hole pressures. Figure 4 shows the smoothed bottom hole pressures used in this study. Note that values are normalized and do not represent the real field values. Figure 5 shows the gas and water production rates of the horizontal well obtained from the initial ensemble and updated ensemble at 40 th , 80 th , and 130 th days. The first row shows the gas production rates and the second row shows the water production rates. As more data is assimilated, the error in matching the observations decreases. The performance of the algorithm in predicting the production rates does not improve significantly between the 80 th and the 130 th update time steps. Water production rates are plotted on logarithmic scale. As it can be seen in the gas production figures, some data points show large discrepancy with the production performance. Such points are not included in the history matching objectives. Figure 6 shows each stage's tracer concentration in the produced water obtained from the initial ensemble and the updated ensemble at the 20 th update step. The error between the estimated concentrations and the measurements decreases rapidly during the data assimilation. Figure 7 shows the average data mismatch in estimating the gas production rates and the logarithm of water production rates. As stated above, the logarithm of water production rates are used as history matching objectives. In both figures, the error in estimating the production rates decreases as more observations are used to condition the models. Gas and water production rates of the horizontal well obtained from the initial ensemble and updated ensemble at 40 th , 80 th , and 130 th days. The first row shows the gas production rates and the second row shows the water production rates. Figure 8 shows the initial and the updated log permeability of the compartments for each fracturing stage. The variance of the log permeability of the compartments decreases as the models are conditioned to observations. The horizontal well model's log permeabilities are adjusted by the Ensemble Kalman Filter by using bottom hole pressures as simulation constraints and production data as history matching objectives. The well is located at compartment number 11. The non symmetric behavior around the well is caused by the limited number of the realizations used to approximate the ensemble. Figure 9 shows the initial and the updated fracture porosity of the compartments for each fracturing stage. The variance of the porosity of the compartments decreases as the models are conditioned to observations. The porosities of the compartments closer to the well are initialized at higher values than those of the more distant compartments. The middle compartment's porosity undergoes more adjustment compared to the porosities of other compartments for all of the fracturing stages due to its higher correlation with production rates. The fracture porosities can be used to estimate the fracture pore volume, drainage area, and the stimulated reservoir volume of the well that can be used for development purposes. The non symmetric behavior around the well is caused by the limited number of realizations used to approximate the ensemble. Figure 10 shows the initial and the updated matrix porosities of the compartments for each fracturing stage. Matrix porosities are affected by data assimilation and Ensemble Kalman Filter and their variance decreases. The non symmetric behavior around the well is caused by the limited number of the realizations used to approximate the ensemble. Figure 11 shows the initial and the updated matrix-fracture interconnectivity shape factors of the compartments for each fracturing stage. As observed in this study, using bottom hole pressures as wells' constraints and production rates as history : Average data mismatch in estimating the gas production rates and the logarithm of the water production rates. Error decreases as more data is assimilated. Note that the numbers do not represent the real values.
Field Estimation
matching objectives leads to less uncertainty in estimation of the matrix porosities, fracture permeabilities, matrix-fracture interconnectivity shape factors, and fracture porosities of the grid blocks that are not adjacent to the well and results in reduction of the uncertainty of the aforementioned parameters. Figure 12 shows the in-place initial tracer concentrations for each fracturing stage obtained from the initial ensemble and the updated ensemble. We assume that only the three compartments around the well contain water from which only the block where the well is completed is affected by the injected tracer and thus only the middle compartment shows initial tracer concentration. As it can be seen in the figure, the variance of the initial tracer concentrations decreases as data is assimilated. Note that the third and the fourth fracturing stages show much smaller updated in-place initial tracer concentrations compared to other stages because the concentration of their associated tracers in the produced water is much smaller than those of the other stages. Figure 13 shows the initial and the updated values of the gas relative permeability end points. We use gas relative permeability end points as unknown parameters of the model to account for the uncertainty in the pore throat distribution and capillary pressures in the fracture network. The non symmetric behavior around the well is caused by the limited number of the realizations used to approximate the ensemble. Figure 14 shows the reservoir's initial pressure obtained from the initial ensemble and the updated ensemble. As stated above, the reservoir's pressure around the well at the end of the shut in period is higher than the in situ pressure of the fluids. We account for such uncertainty by randomly assigning an initial pressure value to the middle compartment that can be higher than the initial pressure of the reservoir. Such assignment can be observed in Figure 14 . As it can be seen, the algorithm reduces the uncertainty in estimating the initial pressures. Figure 15 shows the spread of reservoir parameters at various update time steps. The spread of the parameters and the uncertainty in the estimation of them decrease as more data is assimilated. As it can be seen, the spread of the parameters stabilizes at about the 40 th update step. This is also observed in the production data. 
Conclusions
An efficient algorithm is proposed for history matching of fractured horizontal shale gas wells using Ensemble Kalman Filter. Water and gas production rates, well's bottom hole pressures, and tracer concentrations in the produced water are used as history matching objectives. We developed and introduced a new modeling technique for a horizontal shale gas well, compartmentalized modeling, assuming that the wells are isolated from each other, fracturing stages' pressure responses do not interfere with each other, and that the permeability and porosity of the fractures decrease as distance to the well increases. Bottom hole pressures were obtained from the tubing head pressures and water and gas flow rates using Beggs and Brill correlation. We used the bottom hole pressures to control the well's operation in numerical simulation.
We showed that Ensemble Kalman Filter can adjust the models to accurately estimate the historical production rates of the well and predict its future behavior accurately. It was shown that after a period of history matching, the incremental improvement in the estimation of the production rates becomes small. The stopping criterion depends on the economic considerations and the desired accuracy of the measurements and the estimations. The measurements of the tracers concentrations in the produced water were also estimated using EnKF and our modeling technique.
We showed that utilization of bottom hole pressures in addition to production rates as history matching objectives can decrease the uncertainty in estimating the matrix porosities, fracture permeabilities, matrix-fracture interconnectivity shape factors, and the fracture porosities. Fracture porosities of the gridblocks that were adjacent to the well showed higher correlation with production data and thus were affected more than the other blocks. Updated fracture porosities are useful in determining the fracture pore volumes, well drainage area, and stimulated reservoir volume.
We also used the gas relative permeability end points as uncertain parameters to account for the uncertainty in the capillary pressure and pore throat distribution of the fracture network. The algorithm was shown to be capable of reducing the uncertainty of the relative permeability end points as well.
Since the reservoir pressure around the well at the end of the shut-in period after the high pressure injection of water for hydraulic fracturing is higher than that of the initial reservoir pressure, we set the pressure of the well's grid block to a random number that was higher than the reservoir pressure. This pressure was included as one of the state variables to account for uncertainty in the reservoir's initial pressure. Water saturations of the three gridblocks that were adjacent to the well were initialized at 1, from which only the gridblock with the well contained tracer. The initial tracer concentrations were also estimated through the history matching. Due to uncertainty in the initial conditions of the reservoir, in the forecasting step of the EnKF, all models were simulated from the beginning of the production.
We showed that the spread of the updated parameters decreases as more measurements are used for history matching. It was also shown that after a period of history matching, the algorithm does not decrease the uncertainty of the parameters.
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